Introduction
============

Epidemiological analyses often aim to estimate the association between underlying levels of risk factors and the likelihood of a disease. Because most risk factors are measured with error and are subject to fluctuations within individuals, analyses that use only a single measurement of a risk factor may produce biased estimates of its associations with a disease.[@dyt077-B1] This bias can be caused by: (i) errors in technical measurement; (ii) short-term within-person variation; and/or (iii) long-term within-person variation. In this paper, these sources of variability are collectively classed as 'within-person variability'. In regression analyses with only a single risk factor, within-person variability leads to underestimation of the true magnitude of the association between long-term average levels of the risk factor and disease (regression dilution bias),[@dyt077-B2; @dyt077-B3; @dyt077-B4; @dyt077-B5; @dyt077-B6; @dyt077-B7; @dyt077-B8] whereas in analyses with multiple error-prone risk factors the associations may be biased either toward under- or toward overestimation.[@dyt077-B9] Various methods have been proposed to quantify and correct the effect of within-person variability in the associations estimated from a single measurement of a risk factor.[@dyt077-B1]^,^[@dyt077-B10]

Although within-person variability in directly measured risk factors (e.g. blood pressure[@dyt077-B11] or fibrinogen[@dyt077-B12]) has been extensively studied, less is known about within-person variability in calculated risk factors, such as sums and differences (e.g. change in body weight) or ratios[@dyt077-B13] \[e.g. body-mass index (BMI = weight/height^2^) or waist-to-hip ratio (WHR)\] of measured variables. Indeed, the extent of within-person variability in calculated risk factors can often appear to be greater or smaller than expected in comparison to the within-person variability in its component measurements.[@dyt077-B13] This is important in direct comparisons of the strength of disease-associations of risk factors, including calculated risk factors, that have different degrees of within-person variability. For instance, there has been considerable interest in comparing the magnitude of associations of various cardiovascular risk factors, such as different types of lipid markers or measures of adiposity, with the risk of coronary heart disease (CHD).[@dyt077-B14]^,^[@dyt077-B15] Such comparisons are straightforward when the effect of within-person variability is ignored (i.e. in analyses using measured values). Assuming log-linear relationships of risk factors with CHD risk, their associations are often compared per standard-deviation (SD) change in the baseline levels of these risk factors. Because of different degrees of within-person variability in some risk factors, however, the interpretation of these findings becomes more complicated when their associations are also corrected for regression dilution bias, and the use of baseline SD as the unit with which to compare associations of risk factors with the disease may be inappropriate.

The current paper has two objectives. Its primary objective is to illustrate the extent of within-person variability in calculated risk factors through a numerical example and the use of data on measures of adiposity from 12 different studies in the Emerging Risk Factors Collaboration.[@dyt077-B16] The secondary objective of the paper is to demonstrate how to compare the magnitudes of disease-association of risk factors that have different degrees of within-person variability, with regression dilution bias taken into account.

Numerical example
=================

Regression dilution ratios in calculated variables
--------------------------------------------------

The extent of within-person variability in a risk factor can be quantified through the regression dilution ratio (RDR), which is appealing because of its simplicity and its familiarity in the epidemiological literature.[@dyt077-B7]^,^[@dyt077-B11]^,^[@dyt077-B12] The RDR can be defined as the ratio of the between-person variance to the total variance (i.e. between-person variance + within-person variance) in a risk factor. Values of the RDR that are close to 1 indicate little within-person variability, whereas values closer to 0 imply greater levels of within-person variability.

For illustration and algebraic simplicity, suppose we are interested in the relationship between risk and , where the components *T*~1~ and *T*~2~ represent two error-free variables with a bivariate normal distribution (*BVN*). For example, *T*~1~ and *T*~2~ may be underlying body weight on two occasions or waist and hip circumference at the same point in time. Hence, the exposures of interest are the change in weight or the difference in waist and hip circumference, respectively. Let *Q*~1*i*~ and *Q*~2*i*~ represent the observed variables measured with error for individual *i*. It is assumed that the classical additive measurement error model[@dyt077-B17] applies to *T*~1~ and *T*~2~:

The within- and between-person variances for *Q*~1*i*~ are and respectively, and likewise for *Q*~2*i*~. *ρ* is the correlation between the error-free values *T*~1~ and *T*~2~, whereas *τ* is the correlation between the within-person errors in these values. The RDRs for *Q*~1~ and *Q*~2~ are therefore:

The within- and between-person variances, and the RDR for the observed difference *Q~2~ -- Q~1~* are:

Consider the value of the between-person variance. If *T*~1~ and *T*~2~ are similarly distributed with equal variances (e.g. *σ^2^*), then the between-person variance for *Q*~2~ -- *Q*~1~ is simply , which approaches zero as the correlation, *ρ* approaches 1. For *τ \< ρ* the between-person variance will be relatively greater than the between-person variance for *Q*~2~ -- *Q*~1~, which will yield a smaller RDR than the RDR that would result from the use of *Q*~1~ and *Q*~2~ alone, as illustrated below.

The algebraic forms for the within- and between-person variances for the summation *T*~1~ + *T*~2~ can be derived in exactly the same way as shown above. For ratios of variables, such as , it is easier to consider the log-transformed equivalent, , to which the equations given above can be applied. Usually, the RDR of a log-transformed ratio approximates the RDR of the untransformed ratio,[@dyt077-B12] and variances of log-transformed variables are similar to the squared coefficients of variation of the untransformed variables.

Empirical results
-----------------

[Figure 1](#dyt077-F1){ref-type="fig"} shows the calculated RDRs for *Q*~1~ + *Q*~2~ and *Q~2~ -- Q~1~* in the situations in which (i) RDR(*Q*~1~) = RDR(*Q*~2~) has the values 0.95, 0.80, and 0.60; (ii) *ρ* varies from *--*1 to 1; and (iii) the ratios of the between-person variances and (as well as the ratios of the within-person variances and ) have the values 1, 0.75, and 0.5. We first assume that there is no correlation between the within-person errors (i.e. *τ* = 0). Under these conditions, RDR(*Q*~2~ -- *Q*~1~) ([Figure 1](#dyt077-F1){ref-type="fig"}, dotted line) decreases with a higher correlation, *ρ*, because of the decrease in the between-person variance and the relative increase in the within-person variance. The value of RDR(*Q*~2~ -- *Q*~1~) is smaller than that of RDR(*Q*~1~) \[= RDR(*Q*~2~)\] for all positive correlations, *ρ*. Depending on the RDRs of *Q*~1~ and *Q*~2~, the decrease in RDR(*Q*~2~ -- *Q*~1~) can occur mainly at high correlations, *ρ*, or can also extend over lower correlations. For instance, for RDR(*Q*~1~) = RDR(*Q*~2~) = 0.95, *ρ* \> 0.8 leads to a sudden decrease in RDR(*Q*~2~ -- *Q*~1~), whereas for lower RDRs for *Q*~1~ and *Q*~2~, the value of RDR(*Q*~2~ -- *Q*~1~) decreases earlier and less remarkably. Greater discrepancy in the variances of *T*~1~ and *T*~2~ attenuates that effect and prevents RDR(*Q*~2~ -- *Q*~1~) from decreasing beyond a certain limit. A similar but reversed situation is observed for RDR(*Q*~1~ + *Q*~2~) ([Figure 1](#dyt077-F1){ref-type="fig"}, dashed line). Figure 1Changes in values of regression dilution ratios (RDRs) according to correlation, *ρ*, and different ratios of comparative between-person variances of componentsRDR(*Q*~1~) = RDR(*Q*~2~) = 0.95 (top row), = 0.8 (middle row), = 0.6 (bottom row) (solid black lines). Assumption: *τ* = 0. Note: / and / produce the same results

[Figure 2](#dyt077-F2){ref-type="fig"} is a plot of the calculated RDRs for *Q*~1~ + *Q*~2~ and *Q*~2~ -- *Q*~1~ under the situations in which: (i) RDR(*Q*~1~) = RDR(*Q*~2~) has the values 0.95, 0.80, and 0.60; (ii) ρ varies from *--*1 to 1; and (iii) *τ* has the values 0, 0.3, and 0.6. We now assume equal variances, = . Note that the plot lines cross at ρ = *τ.* The value of RDR(*Q*~2~ -- *Q*~1~) declines with higher correlation, *ρ*. However, RDR*(Q~2~ -- Q~1~)* becomes more stable with increasing *τ*, except at very high values of *ρ*. Similar results are observed when the ratios of the between-person variances and are equal to 0.75 and 0.5, respectively ([Supplementary Figure 1](http://ije.oxfordjournals.org/lookup/suppl/doi:10.1093/ije/dyt077/-/DC1), available as Supplementary data at *IJE* online). Figure 2Changes in values of regression dilution ratios (RDRs) according to correlation, *ρ*, and different correlations of within-person errors of components, RDR(*Q*~1~) = RDR(*Q*~2~) = 0.95 (top row), = 0.8 (middle row), = 0.6 (bottom row) (solid black lines). Assumption: =

Comparison of Measures of General and Abdominal Adiposity
=========================================================

The Emerging Risk Factors Collaboration
---------------------------------------

The Emerging Risk Factors Collaboration (ERFC)[@dyt077-B16] collected baseline and repeat information on height, weight, and waist and hip circumference from 12 prospective studies, in which there were 3351 fatal or first-ever non-fatal CHD events. Among 58 271 individuals in the 12 studies for whom baseline measures were available, a total of 42 300 had one or more repeat measurements, and 21 360 of these individuals, in 4 studies, had ≥ 2 repeat measurements ([Table 1](#dyt077-T1){ref-type="table"}). The 79 145 available repeat measurements available were derived from 18 different re-surveys spanning the interval from 2--10 years after the baseline survey. Individuals with repeat measurements of adiposity-related measures generally had somewhat higher baseline values of measures of adiposity, and were younger and more likely to be non-smokers than individuals in the same studies who did not have repeat measurements. Table 1Characteristics of studies and individuals with serial measurement of adiposity measuresAmong individuals with at least one repeatBaseline mean (SD)StudyNo of individuals with baseline valuesNo of individualsNo of re-surveysNo of individuals with ≥ 2 repeatsMale (%)Age (yrs)WC (cm)HC (cm)Height (cm)Weight (kg)WHRWHtRBMI (kg/m^2^)ARIC14 38313 414312 0654354 (6)97 (14)105 (10)168 (9)78 (17)0.92 (0.08)0.57 (0.08)28 (5)AUSDIAB920452801--4453 (11)91 (14)105 (10)169 (9)77 (16)0.86 (0.09)0.54 (0.08)27 (5)CHS388132651--3872 (5)93 (13)101 (9)164 (9)72 (14)0.92 (0.09)0.57 (0.08)26 (4)COPEN816643321--4254 (13)86 (13)99 (8)169 (10)73 (14)0.86 (0.09)0.51 (0.07)25 (4)EPICNOR14177921--6765 (8)92 (11)103 (7)168 (9)75 (12)0.90 (0.08)0.55 (0.06)27 (3)HOORN222613591--4560 (7)90 (10)102 (6)169 (9)75 (11)0.88 (0.09)0.53 (0.06)26 (3)IKNS1942861--8363 (8)83 (8)91 (6)158 (7)59 (8)0.92 (0.06)0.53 (0.06)23 (3)LASA1806112427074470 (7)97 (11)103 (8)167 (9)75 (12)0.94 (0.08)0.58 (0.07)27 (4)MESA67686373360024862 (10)98 (14)106 (11)167 (10)79 (17)0.93 (0.08)0.59 (0.09)28 (5)RANCHO17848821--4065 (10)84 (12)100 (8)167 (10)70 (14)0.83 (0.09)0.50 (0.06)25 (4)SHS41353482225863756 (8)106 (15)111 (13)165 (9)84 (18)0.95 (0.06)0.64 (0.10)31 (6)TARFS255919111--5047 (11)93 (12)105 (10)163 (9)74 (13)0.89 (0.09)0.57 (0.08)28 (5)**Overall58 27142 30021 3604461 (9)92 (13)103 (10)166 (9)74 (16)0.90 (0.08)0.56 (0.08)27 (5.0)**[^1][^2]

Statistical methods
-------------------

We quantified the extent of within-person variability in WHR, WHtR, and BMI and their components by the RDR, using Rosner's regression approach.[@dyt077-B10] Separate RDRs for each re-survey in each study were estimated by regressing the repeat measurements of the adiposity measures on their baseline values. For each study , with individuals , and repeat measurements , the model can be written as where and is the study and re-survey--specific RDR. and represent repeat and baseline measurements of the adiposity measure , respectively. represents the study and re-survey--specific intercept.

Overall RDRs were estimated from a Rosner-regression calibration model described by a single linear mixed model of the repeat measurement on the baseline measurement, adjusted for study and re-survey (to allow for any differences in mean levels between studies and at different re-surveys), and with allowance for between-study heterogeneity in the RDRs and between-person variability in mean levels (to account for multiple repeat measurements per person), represented by the model: where, and ; *X~si~* are other baseline covariates, such as age, sex, and smoking status. Between-study heterogeneity in the RDR value is represented by . The parameters and represent individual-specific and residual variation, respectively. Between- and within-person variances and correlations of two log-transformed adiposity measures were estimated from a bivariate linear mixed model, using all-logarithmic baseline and re-survey measurement values as the dependent variables, regressed on dummy variables for study and for re-surveys, with allowance for between-person variability in mean levels.

Proportional hazards Cox models were used to calculate hazard ratios (HRs) in relation to WHR, WHtR, BMI, and waist circumference for fatal or first-ever non-fatal CHD, adjusted for age, sex, and smoking status. Analyses involved a two-stage approach with estimates of association calculated separately within each study before pooling across studies by random-effects meta-analysis.[@dyt077-B18] The effect of between-study heterogeneity was quantified with the *I*^2^ statistic.[@dyt077-B19] To investigate the effect on these associations of different degrees of within-person variability in measures of adiposity, HRs were calculated on the error-corrected levels and presented: (i) per 1-SD change in baseline adiposity measures (SD of baseline measures for all individuals); and (ii) per 1-SD change in error-corrected levels (SD of predicted error-corrected levels for all individuals). Predicted error-corrected levels of measures of adiposity for all individuals were estimated as empirical Bayes estimates from the Rosner-regression calibration model described above.[@dyt077-B12]^,^[@dyt077-B20] Thus, the predicted error-corrected levels were estimated as where and and are the best linear unbiased predictors of the random effects. Supplementary analyses were done with averaged measures of adiposity for each individual.[@dyt077-B21] The [Supplementary Appendix](http://ije.oxfordjournals.org/lookup/suppl/doi:10.1093/ije/dyt077/-/DC1) (available as Supplementary data at *IJE* online) provides an example of our analyses for BMI.

Regression dilution ratios
--------------------------

Overall RDRs of adiposity measures were: 0.72 (95% confidence interval 0.65--0.80) for WHR, 0.87 (0.85--0.90) for WHtR, and 0.96 (0.93--0.98) for BMI ([Figure 3](#dyt077-F3){ref-type="fig"}). Corresponding RDRs for components of these ratios were: 0.87 (0.85--0.90) for waist circumference, 0.90 (0.86--0.93) for hip circumference, 0.99 (0.98--1.00) for height, and 0.97 (0.96--0.98) for weight. There was considerable heterogeneity between the study- and re-survey--specific RDRs of WHR, with RDRs ranging from 0.48 to 0.87. Figure 3Regression dilution ratios of adiposity measures and anthropometric indicators plotted against time since baseline measurement by studyRegression dilution ratios (RDRs) were unadjusted for covariates. The sizes of data markers are proportional to the inverse of the variance of the RDR. CI indicates confidence interval

Correlations and comparative distributions of components of adiposity measures
------------------------------------------------------------------------------

Correlations and ratios of the between-person variances for log-transformed height, weight, waist, and hip circumference measurements are shown in [Table 2](#dyt077-T2){ref-type="table"}. Underlying waist and hip circumference were more strongly correlated with one another than were either waist circumference and height or weight and height. Additionally, the errors for waist and hip circumference were strongly correlated, which is likely to be due to similar variation in these two measures over time. Table 2Within- and between-person correlations (95% CI) and variances of components of body-mass index, waist-to-hip ratio, and waist-to-height ratio*T*~2~/*T*~1~Between-person correlation of log *T*~1~ and log *T*~2~, *ρ*Correlation of within-person errors, *τ*Between-person variance(log *T~2~*),Between-person variance(log *T~1~*),Ratio of between-person variances,Body-mass index (weight/height^2^)0.524 (0.516, 0.531)0.050 (0.043, 0.057)0.03940.01260.32Waist-to-hip ratio0.810 (0.806, 0.813)0.574 (0.569, 0.578)0.01720.00810.47Waist-to-height ratio0.227 (0.198, 0.217)-0.084 (-0.091, -0.077)0.01720.00320.18[^3]

Associations corrected for within-person variability
----------------------------------------------------

Without correction for regression dilution bias, the HRs of CHD per 1-SD change in baseline levels were similar for BMI, waist circumference, WHR and WHtR ([Table 3](#dyt077-T3){ref-type="table"}). However, in analyses that corrected for regression dilution bias and calculated HRs per 1-SD change in baseline adiposity measure, CHD was distinctly more strongly associated with WHR than with WHtR, BMI, or waist circumference. Broadly similar magnitudes of associations were observed in analyses that corrected for regression dilution bias and calculated HRs per 1-SD change in error-corrected levels of adiposity levels. The between-study heterogeneity of HRs decreased somewhat after correction for between-person variability ([Table 3](#dyt077-T3){ref-type="table"}). Error-corrected HRs were consistently smaller in analyses that used averaged levels of adiposity measures ([Supplementary Table 1](http://ije.oxfordjournals.org/lookup/suppl/doi:10.1093/ije/dyt077/-/DC1), available as Supplementary data at *IJE* online), primarily because this approach fails to correct for regression dilution bias in individuals without repeat measurements. Table 3Associations of body-mass index, waist circumference, waist-to-hip ratio, and waist-to-height ratio with coronary heart disease risk, with and without correction for within-person variability, per 1-standard deviation (SD) change in baseline or error-corrected levelsUncorrected for within-person variabilityCorrected for within-person variabilityOverall RDRCoronary heart diseasePer 1-SD in baseline levelsHR (95% CI)I^2^ (95% CI)Per 1-SD in baseline levelsHR (95% CI)Per 1-SD in error- corrected levelsHR (95% CI)I^2^ (95% CI)Body-mass index4.951.26 (1.17, 1.37)69 (44, 83)4.951.24 (1.15, 1.34)4.911.24 (1.15, 1.33)63 (31, 80)0.96 (0.94, 0.98)Waist circumference13.291.30 (1.20, 1.40)64 (33, 81)13.291.30 (1.20, 1.40)12.411.27 (1.18, 1.39)59 (22, 78)0.88 (0.86, 0.91)Waist-to-hip ratio0.0841.30 (1.18, 1.44)79 (65, 88)0.0841.44 (1.29, 1.62)0.0671.35 (1.23, 1.47)65 (35, 81)0.66 (0.59, 0.72)Waist-to-height ratio0.0801.31 (1.21, 1.42)66 (38, 82)0.0801.32 (1.22, 1.43)0.0761.30 (1.20, 1.41)64 (33, 81)0.88 (0.85, 0.91)[^4]

Discussion
==========

This paper explores the extent of within-person variability in calculated risk factors and its implication for epidemiological studies. Our findings show that RDRs in calculated variables can be considerably different from those in the directly measured risk factors. This difference depends most strongly on the strength of correlations and similarity in the distributions of the directly measured risk factors. Our data on repeat measurements of adiposity showed that the overall RDR of WHR is considerably lower than that of its components or of BMI and WHtR.

The main explanation for the lower RDR of WHR is that overall waist and hip circumference are more strongly correlated with one another and have more similar between-person coefficients of variation than do height and weight or waist circumference and height. Hip- and waist-circumference measurements can be made with the same measuring technique (e.g. with a tape measure, and usually by same observer) and have potentially similar variations over time, explaining the strong positive correlations in the within-person errors of hip and waist circumference. In contrast, weight and height are measured with independent standardised techniques (e.g. weighing scales and wall charts, respectively) and height has little variation over time. Our investigation across 12 studies allowed us to observe considerable between-study heterogeneity in the RDRs of WHR, which was largely explained by variation in the correlations and between-person coefficients of variation of waist and hip circumference.

We have shown that HRs for CHD per 1-SD change in error-corrected level of BMI, WHR, WHtR and waist circumference are broadly similar, but quite different conclusions would be drawn had the error-corrected associations been presented per 1-SD of baseline levels of these variables. The objectives of many aetiological studies are to estimate associations between underlying (i.e. error-corrected) levels of risk factors and the likelihood of disease, expressed as risk ratios for some appropriate change in the risk factors. For continuous variables, the unit of change is often chosen as an SD in the observed baseline risk factor, which appropriately allows direct comparisons of: (i) risk associations for several baseline risk factors measured on different scales, uncorrected for within-person variability; and (ii) risk associations for a single risk factor before and after correction for within-person variability. However, we argue that use of an SD in baseline risk factors may be inappropriate for the comparison of different risk factors after correction for within-person variability. Correcting for within-person variability in a single risk factor can be viewed as shrinking the observed distribution of the risk factor to its true error-corrected distribution, and the degree of shrinkage will depend on the extent of within-person variability. Thus, for risk factors with substantial within-person variability, the SD for the error--corrected levels will be much smaller than the SD of the observed baseline levels of these factors. Given the aetiological objectives, it is more appropriate to present the risk ratios per SD change in the error-corrected levels to allow a direct comparison of risk associations between error-corrected levels of several risk factors with different degrees of within-person variability, such as we present for the different adiposity markers in relation to the risk of CHD. These results may resemble the risk associations uncorrected for within-person variability, because the use of smaller unit changes counteracts the effect of correcting for regression dilution bias. However, this similarity is not guaranteed, especially in the case of multivariate regression dilution corrections.

This paper has focused on within-person variability in calculated ratios for measures of adiposity markers, but our numerical examples have implications for other commonly used ratios, such as those for lipids (e.g. the ratio of total to high-density lipoprotein cholesterol), apolipoproteins (e.g. the ratio of apolipoprotein AI to apolipoprotein-B), fatty acids (e.g. the ratio of omega-6 to omega-3 fatty acids), and for simple sums and differences of risk factors (e.g. change in body weight). We have not investigated beyond combining two variables, as is required for determining the calculated serum level of low-density lipoprotein cholesterol,[@dyt077-B22] for example, but we expect similar determinants to affect the combined within-person variability of three or more variables.

Among various statistical considerations[@dyt077-B13] is that the ratio of two normally distributed variables cannot strictly be normally distributed, violating the assumptions of the additive measurement error model and the parametric Rosner-regression calibration model. However, we observed approximately normal distributions for height, weight, and hip and waist circumference and their corresponding ratios. Depending on the original distribution, a log-transformation can be a useful tool with which to gain a better approximation of normality,[@dyt077-B23] although using an RDR or Rosner-regression calibration model for a log-transformed ratio would be appropriate only if the ratio is also log-transformed in the risk-regression model, which may create interpretive difficulties.

We have assumed that disease risk depends on a single, underlying, long-term error-corrected exposure level, and have used repeat measurements made over a long time span. The methodology presented here is also suitable for assessing alternative research hypotheses, such as relating disease risk to the error-corrected exposure level at a point in time (e.g. BMI at age 20 years): in this case, RDRs should be estimated only with the use of repeated measures made over a shorter time span (e.g. BMI repeat measures taken during the 20th year of age).

The limitations of methods to correct for regression dilution bias are well-known.[@dyt077-B17] In a more realistic situation with true, time-varying underlying exposure, regression dilution corrections are valid if disease risk depends only on the current true underlying exposure, or if RDRs are constant over time; otherwise, these corrections typically overcorrect.[@dyt077-B24] We further assumed a classical, additive non-differential measurement error model, but multiplicative measurement error models that allow within-person variability to increase with the level of exposure may be preferred. However, we observed no important time trend in RDRs over a 10-year time span ([Figure 3](#dyt077-F3){ref-type="fig"}), nor an increasing within-person variability with level, suggesting that our corrections are likely to be appropriate for adiposity measures. Nevertheless, our observed associations of measures of adiposity with CHD risk may reflect residual bias caused by unmeasured confounders (e.g. dietary intake or physical activity), rather than being causal associations. Corrections for the extent of within-person variability amplify the effect of such non-causal associations.[@dyt077-B25] If these confounding factors were available, they would be measured with error, and correction methods would need to be extended for such analyses, such as by using the *multivariate* Rosner-regression model.[@dyt077-B1] As is appropriate, the current study did not adjust for factors (e.g. systolic blood pressure or lipids) on the biological pathways between adiposity and CHD.

Our findings indicate that using calculated variables as aetiologic risk factors can be problematic, but we acknowledge that there may be some practical advantages in using such variables. These include the simplicity in the clinical interpretation of disease-risk associations with a single calculated summary variable, and the applicability of simple correction methods to a single risk factor, whereas multiple error-prone risk factors require more complex multivariate correction methods. However, using any calculated variable in place of its separate components forces constraints on the estimated risk associations, which may not be appropriate or optimal, especially for risk prediction.

Supplementary Data
==================

[Supplementary data](http://ije.oxfordjournals.org/lookup/suppl/doi:10.1093/ije/dyt077/-/DC1) are availabe at *IJE* online.
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KEY MESSAGESThe extent of within-person variability relative to between-person variability in calculated risk factors can be considerably larger (or smaller) than in its components.Regression dilution ratios in calculated risk factors depend strongly on the regression dilution ratios, correlation, and comparative distributions of the components of these risk factors.Aetiological associations of risk factors should be appropriately compared through the use of error-corrected hazard ratios per standard deviation change in error-corrected levels.

[^1]: Study abbreviations: ARIC, Atherosclerosis Risk in Communities Study; AUSDIAB, Australian Diabetes, Obesity and Lifestyle Study; CHS, Cardiovascular Health Study; COPEN, Copenhagen City Heart Study; EPICNOR, European Prospective Investigation of Cancer Norfolk Study; HOORN, Hoorn Study; IKNS, Ikawa, Kyowa, and Noichi Study; LASA, Longitudinal Aging Study Amsterdam; MESA, Multi-Ethnic Study of Atherosclerosis; RANCHO, Rancho Bernardo Study; SHS, Strong Heart Study; TARFS, Turkish Adult Risk Factor Study (Study references are provided in ERFC, *Lancet* 2011[@dyt077-B15]).

[^2]: Abbreviations: BMI, body-mass index; HC, hip circumference; SD, standard deviation; WC, waist circumference; WHR, waist-to-hip ratio; WHtR, waist-to-height ratio.

[^3]: CI indicates confidence interval.

[^4]: Hazard ratios (HRs) and regression dilution ratios (RDRs) were adjusted for age, sex, and smoking status. Analyses were restricted to participants with BMI ≥ 20 kg/m^2^. Analyses were based on 3351 cases from 12 studies. *I*^2^ is a measure of consistency across studies: the percentage of variance in estimated log HRs that is attributable to between-study variation as opposed to sampling variation. Values of *I*^2^ close to 0 correspond to lack of heterogeneity. CI indicates confidence interval.
